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Abstract
This paper constructs a global economic policy uncertainty index through the principal component analysis of the
economic policy uncertainty indices for twenty primary economies around the world. We find that the PCA-based
global economic policy uncertainty index is a good proxy for the economic policy uncertainty on a global scale, which
is quite consistent with the GDP-weighted global economic policy uncertainty index. The PCA-based economic policy
uncertainty index is found to be positively related with the volatility and correlation of the global financial market,
which indicates that the stocks are more volatile and correlated when the global economic policy uncertainty is higher.
The PCA-based global economic policy uncertainty index performs slightly better because the relationship between
the PCA-based uncertainty and market volatility and correlation is more significant.
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1. Introduction
The study on uncertainty has attracted much atten-
tion (Bloom, 2009). Pa´stor and Veronesi (2012) and
Pa´stor and Veronesi (2013) develop a general equilib-
rium model to study how changes in government policy
choice affect stock prices and explore the relationship
between political uncertainty and stock risk premium.
Baker et al. (2016) construct an index as the proxy for
economic policy uncertainty (EPU) in the United States
and 11 other major economies, which was initially put
forward by Baker et al. (2013). Many scholars, such
as Moore (2017) and Arbatli et al. (2017), construct
other indices for different economies successively us-
ing the same method. Bontempi et al. (2016) introduce
a new uncertainty indicator based on Internet searches.
Castelnuovo and Tran (2017) develop uncertainty in-
dices for the United States and Australia, which are
based on Google Trends data.
Many papers have studied the influence of eco-
nomic policy uncertainty on the international finan-
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cial markets. Li et al. (2015) investigate the im-
pacts of economic policy uncertainty shocks on stock-
bond correlations for the financial market in United
States. Klo¨ßner and Sekkel (2014) discuss international
spillovers of policy uncertainty using the EPU indices
from six developed economies. Brogaard and Detzel
(2015) use a search-based measure to capture economic
policy uncertainty for 21 economies, and found eco-
nomic policy uncertainty has a significant effect on the
contemporaneous market returns and volatility.
Recently, the aggregate global economic policy un-
certainty (GEPU) has been proposed and investigated.
Davis (2016) constructs an index of global economic
policy uncertainty which is a GDP-weighted average
of national EPU indices for 20 economies. Fang et al.
(2018) examine whether the GDP-based GEPU in-
dex provides predictability for the gold futures market
volatility. Ersan et al. (2019) access the effect of the
GDP-based GEPU index on the stock returns of travel
and leisure companies.
For a financial market with multiple assets, the largest
eigenvalue of the correlation matrix of returns, when
normalized by the number of assets, quantifies the sys-
temic risk of the market, while its eigenvector reflects
the whole movement of the market (Billio et al., 2012;
Dai et al., 2016; Emmert-Streib et al., 2018; Han et al.,
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2017; Kenett et al., 2010; Kritzman et al., 2011;
Meng et al., 2014; Plerou et al., 2002; Sandoval Jr.,
2017; Shapira et al., 2009; Song et al., 2011). Inspired
by these studies, we construct an alternative index for
the aggregate global economic policy uncertainty based
on the principal component analysis. In addition, we
explore the effect of global economic policy uncertainty
on the volatility and correlation of the global stock
market.
The remainder of this paper is organized as follows.
Section 2 presents a brief description of the data. Sec-
tion 3 focuses on themethodology. Section 4 documents
our findings. Section 5 concludes.
2. Data
In order to calculate the PCA-based GEPU
index, we retrieve the economic policy un-
certainty indices for twenty economies from
http://www.policyuncertainty.com.
These twenty economies are Australia (AU), Brazil
(BR), Canada (CA), Chile (CL), China (CN), France
(FR), Germany (DE), Greece (GR), India (IN), Ire-
land (IE), Italy (IT), Japan (JP), Mexico (MX), the
Netherlands (NL), Russia (RU), South Korea (KR),
Spain (ES), Sweden (SE), the United Kingdom (UK),
and the United States (US), which are in perfect
accordance with the economies that Davis (2016) apply
to construct the GDP-based GEPU index. Fig. 1 shows
the evolution of these EPU indices from January 2003
to December 2018, where each index includes 192
monthly observations.
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Figure 1: The economic policy uncertainty indices from Jan-
uary 2003 to December 2018 of twenty economies: Australia
(AU), Brazil (BR), Canada (CA), Chile (CL), China (CN),
France (FR), Germany (DE), Greece (GR), India (IN), Ireland
(IE), Italy (IT), Japan (JP), Mexico (MX), the Netherlands
(NL), Russia (RU), South Korea (KR), Spain (ES), Sweden
(SE), the United Kingdom (UK), and the United States (US).
In terms of the global financial market, we select
MSCI’s All Country World Index (ACWI) as its mea-
sure. The MSCI ACWI represents the performance of
the stocks across 23 developed and 24 emerging mar-
kets. Fig. 2 displays the trend of MSCI ACWI, which
covers the daily closing prices from December 2002 to
December 2018. The composite indices for each mar-
ket (from Bloomberg) are utilized to evaluate the cor-
relations between markets also using the daily closing
prices from December 2002 to December 2018.
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Figure 2: The price trajectory of MSCI’s All Country World
Index from January 2003 to December 2018.
3. Methodology
First, we normalize the EPU index i for each econ-
omy over a moving window [t − T + 1, t] of size T :
xi(s) ≡ (EPUi(s) − 〈EPUi(s)〉s)/σi, (1)
where EPUi(s) represents the index for the ith economy
in the s-th month and σi is the standard deviation of
EPUis. Second, we obtain the cross-correlation matrix
C by computing the pairwise cross-correlation coeffi-
cient between any two EPU indices for the economies:
Ci j ≡
〈
xi(s)x j(s)
〉
. (2)
By definition, the elements Ci j vary from −1 to 1,
where Ci j = 1 corresponds to a perfect positive cross-
correlation, Ci j = 1 corresponds to a perfect anti-
correlation, and Ci j = 0 reflects no cross-correlations
between the indices for economy i and economy j. The
cross-correlation matrix can also be expressed in the
matrix form:
C =
1
T
XX′, (3)
where X is an N × T matrix with elements {xi(s) : i =
1, . . . , N; s = 1, . . . , T } and X′ denotes the transpose of
X. Third, we obtain the eigenvector u1(t) for the largest
eigenvalue λ1(t) of the cross-correlation matrix in the
t-th window:
Cu1(t) = λ1(t)u1(t), (4)
2
where u1(t) = [u11(t), u12(t), . . . , u1N(t)]. Finally, we
construct the PCA-based GEPU index by the eigenport-
folio of the economic policy uncertainty indices for the
N economies:
GEPU(t) =
u1(t) · EPU(t)∑N
i=1 u1i(t)
, (5)
where EPU(t) = [EPU1(t), EPU2(t), . . . , EPUN(t)]
′.
4. Empirical results
In order to examine the robustness of the results, we
construct the PCA-based GEPU index for five window
sizes T = 24, 30, 36, 42, and 48 months. Fig. 3 displays
the comparison between the GEPU-PCA and GEPU-
GDP indices for T = 24 months. We find that the
evolutionary trajectories of the GEPU-GDP and GEPU-
PCA indices are close to each other, which is also indi-
cated by the nice linearity of the data points in the cor-
responding scatter plot. The results for other window
sizes are very similar. Overall, all the GEPU-PCA in-
dices are very close to the GEPU-GDP indices, although
GEPU-PCA is obtained without using any other eco-
nomic data. The discrepancy between the two indices
increases when the uncertainty is high.
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Figure 3: Comparison between GEPU-PCA and GEPU-GDP.
(a) Evolutionary trajectories of GEPU-GDP (solid line) and
GEPU-PCA (dashed line). (b) Scatter plot of the two GEPU
indices.
Table 1 shows the correlation coefficients between
GEPU-PCA and GEPU-GDP for different window sizes
T , all of which are greater than 0.94. The window size
seems to have no impact on the correlation.
Table 1
Correlation between GEPU-PCA and GEPU-GDP for differ-
ent window size T .
T t0 Obs. Correlation
24 M 2004.12 169 0.9572
30 M 2005.06 163 0.9521
36 M 2005.12 157 0.9417
42 M 2006.06 151 0.9473
48 M 2007.12 145 0.9525
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Figure 4: GEPU-PCA versus global stock market volitility
and correlation. The solid line in each panel plots GEPU-
PCA, which is scaled to have the same mean and variance as
the other variable plotted in the same panel. The other variable
is volatility of MSCI ACWI in the upper panel and the equal-
weighted average of pairwise correlation for all stock compre-
hensive indices corresponding to the 47 economies which are
from MSCI ACWI in the lower panel. Both volatility and cor-
relation are calculated monthly from daily returns within the
month.
Pa´stor and Veronesi (2013) provide the theoretical
foundation for the positive relations between economic
policy uncertainty and both volatility and correlation
and conduct an empirical analysis in the American mar-
ket with the results supporting the theoretical argu-
ments. To verify that this association does also exist in
the global market, GEPU-PCA and GEPU-GDP are re-
3
spectively used as proxy for global economic policy un-
certainty. Fig. 4 reveals the strong correlation between
GEPU-PCA and the two variables about the global mar-
ket, especially in the first half of the samples.
For the sake of a comparative analysis, we adopt the
same empirical models as Pa´stor and Veronesi (2013).
For volatility, we employ the following regressions:
Vol(t) = β0 + β1GEPU(t) + ε(t) (6)
Vol(t) = β0 + β1GEPU(t) + β2Vol (t − 1) + ε(t), (7)
where Vol represents the volatility. For correlation, the
following regressions are considered:
Corr(t) = β0 + β1GEPU(t) + ε(t) (8)
Corr(t) = β0 + β1GEPU(t)+ β2Corr (t − 1)+ ε(t), (9)
where Corr stands for the correlation. The lagged
terms, Vol (t − 1) andCorr (t − 1), eliminate most of the
autocorrelation in the dependent variable series.
Table 2
Global economic uncertainty, volatility, and correlation.
Panel A: Volatility
Obs. Eq. (6) Eq. (7) Eq. (6) Eq. (7)
GEPU-PCA GEPU-GDP
169 0.0018 0.0010 0.0017 0.0011
(3.02) (2.23) (2.70) (2.17)
163 0.0017 0.0010 0.0016 0.0011
(2.74) (2.09) (2.50) (2.09)
157 0.0015 0.0009 0.0016 0.0011
(2.36) (1.88) (2.31) (2.01)
151 0.0014 0.0009 0.0015 0.0011
(2.11) (1.81) (2.12) (1.95)
145 0.0013 0.0009 0.0015 0.0011
(1.89) (1.71) (1.96) (1.87)
Panel B: Correlation
Obs. Eq. (8) Eq. (9) Eq. (8) Eq. (9)
GEPU-PCA GEPU-GDP
169 0.0459 0.0194 0.0377 0.0163
(2.88) (1.36) (2.30) (1.14)
163 0.0311 0.0127 0.0262 0.0112
(1.96) (0.90) (1.58) (0.77)
157 0.0152 0.0051 0.0154 0.0063
(0.97) (0.37) (0.99) (0.43)
151 0.0017 0.0003 0.0067 0.0038
(0.10) (0.02) (0.39) (0.25)
145 -0.0063 -0.0054 0.0020 -0.0005
(-0.04) (-0.04) (0.11) (-0.03)
Table 2 reports the estimates of β1 and their t-
statistics in all the forty regressions. Panel A shows that
β1 > 0 in all twenty regressions and all the 20 point
estimates are significant at the 10% level, which pro-
vides strong evidence for the theoretical foundation that
the global market should be more volatile when there is
higher economic policy uncertainty. Panel B presents
weaker supporting evidence for the associated theoreti-
cal foundation since only three point estimates of β1 are
at the 10% level although β1 is positive in 17 of the 20
regressions.
We also find that after removing the autocorrelation
in the volatility and correlation, the coefficient β1 de-
creases. In addition, in most cases, β1 increases with in-
creasing sample length, except for GEPU-GDP versus
volatility using Eq. (9) in which β1 is independent of
the sample length. Indeed, we argue that this trending
phenomenon is caused by the fact that the correlation is
stronger between market volatility (or correlation) and
uncertainty in early years, as shown in Fig. 4.
5. Conclusions
This paper constructs a novel index of global eco-
nomic policy uncertainty based on the principal com-
ponent analysis. This index is shown to be quite close
to the GDP-weighted average global economic policy
uncertainty index. We employ both GEPU-PCA and
GEPU-GDP as the proxies for uncertainty to investi-
gate the association between the global financial market
and economic policy uncertainty and find that the global
market should be more volatile and correlated when
there is higher economic policy uncertainty. Moreover,
GEPU-PCA performs lightly better than GEPU-GDP
when the observations are enough in the sense that the
correlations are more significant when GEPU-PCA is
adopted in the analysis.
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